Abstract: Using satellite-based multi-sensor observations, this study investigates Chl-a blooms induced by typhoons in the Northwest Pacific (NWP) and the South China Sea (SCS), and quantifies the blooms via wind-induced mixing and Ekman pumping parameters, as well as pre-typhoon mixed-layer depth (MLD). In the NWP, the Chl-a bloom is more correlated with the Ekman pumping than with the other two parameters, with an R 2 value of 0.56. In the SCS, the wind-induced mixing and Ekman pumping have comparable correlations with the Chl-a increase, showing R 2 values of 0.4~0.6. However, the MLD exhibits a negative correlation with the Chl-a increase. A multi-parameter quantification model of the Chl-a bloom strength achieves better results than the single-parameter regressions, yielding a more significant R 2 value of 0.80, and a lower regression rms of 0.18 mg·m −3 in the SCS, and the R 2 value in the NWP is also improved compared with the single-parameter regressions. The multi-parameter quantification model of Chl-a blooms is more accurate in the SCS than in the NWP, due to the fact that nutrient profiles in the NWP are uniform from surface to a deep depth (300 m). Thus, the Chl-a blooms are more correlated with the upper ocean dynamical processes in the SCS where a shallower nutricline is found.
Introduction
Tropical cyclones (a rapidly rotating storm system) occur frequently over the tropical and subtropical oceans, accompanied by strong winds that can significantly influence upper ocean dynamics [1] [2] [3] [4] [5] . Strong cyclonic systems that form in the Northwest Pacific are known as typhoons. The strong forcing of tropical cyclone or typhoon winds produces two kinds of dynamic responses in the upper ocean, namely turbulent mixing and upwelling, both of which can induce a decrease of sea surface temperature (SST). Typical cyclone-induced SST decreases range from 1 to 6 • C [1] , though more intensive cooling (9 • C) was observed for Typhoon Kai-Tak in the South China Sea (SCS) [6] . Additionally, under the influence of Typhoon Lupit in the Northwest Pacific (NWP), maximum surface cooling reached 7 • C on 25 October 2009, which was associated with an expansion of the cooling area and negative sea surface height anomaly [7] . The range of temperature drop depends on typhoon intensity and translation speed, and the ocean response is much different for fast-and slow-moving typhoons [2, 8] .
Another important dynamical phenomenon related to tropical cyclones is mixed-layer deepening as a result of mixing and upwelling processes. Hurricane Felix in the Atlantic from 13-23 August 1995 caused cooling in the upper 30 m and warming at depths of 30-70 m due to significant mixed-layer deepening and vertical redistribution of temperature resulting from heat diffusion, as simulated by a one-dimensional mixed layer model [9] . Under the influence of Hurricane Gilbert (in the Atlantic), the vertical mixing in the upper ocean is a dominant mechanism controlling heat and mass budgets and vertical heat and mass distributions [10, 11] . Based on mixing effects, Pan and Sun developed a diagnostic model to estimate the increase in mixed-layer depth in the South China Sea caused by Typhoon Cimaron using satellite data, which presented an effective methodology for extending the capability of satellite observations from the ocean surface to the sub-surface [12] .
Since the forcing of tropical cyclone winds can induce strong ocean mixing and upwelling, nutrients in the sub-surface can be brought into the ocean surface layer, enhancing photosynthesis and boosting primary productivity at the ocean surface [4, [13] [14] [15] . After the passage of tropical cyclones, sufficient light provides favorable conditions for the growth of phytoplankton in the upper ocean. Even in the oligotrophic ocean, chlorophyll-a (Chl-a) concentration increases significantly at the surface of cooling areas after the passage of a cyclone, with nutrient-rich water uplifted into the surface layer [13] . The augmentation of chlorophyll-a usually may last about two weeks after the cyclone passes [16, 17] , as does the surface cooling. In the SCS, tropical cyclones contribute 20-30% of the annual new primary production [4, 18] .
The pre-typhoon mixed-layer depth is another factor affecting both the dynamic response of the upper ocean to the strong forcing of tropical cyclone winds and the marine biochemical response. The mean state of the climatological mixed-layer depth can be easily modified by eddies [19, 20] . Cyclonic eddies uplift the subsurface temperature profile and thin the mixed-layer, while anti-cyclonic eddies push the isotherms downward and thicken the mixed-layer [12, [19] [20] [21] . With a shallow mixed-layer, the deep nutrient-rich water can easily be uplifted, enhancing the phytoplankton bloom [22] .
Phytoplankton blooms induced by the strong forcing of tropical cyclone winds may be attributed to multiple factors related to the cyclone characteristics and ocean conditions. In this study, we develop a quantification model of the phytoplankton blooms, which links Chl-a increase with typhoon-related parameters (wind speed, typhoon influence duration, etc.) and oceanic pre-typhoon conditions, which can reveal the sensitivity of the Chl-a change to various parameters. The model is based on the analysis of satellite-based multi-sensor data and other relevant typhoon observations, which paves the way for better understanding of the mechanisms of the typhoon-induced phytoplankton bloom under various oceanic conditions.
Data

Chl-a Data
Daily merged Chl-a products at 4 km resolution are obtained from the GlobColour system (http://hermes.acri.fr/). The GlobColour project started in 2005 as an ESA Data User Element (DUE) project, which provides a long time series (10 years) of daily merged Level 3 products. The GlobColour Chl-a product combines multiple satellite observations including those from the Medium Resolution Imaging Spectrometer Instrument (MERIS) aboard the Environmental Satellite (ENVISAT), the Moderate Imaging Spectrometer (MODIS) on the Aqua Earth Observing System (EOS) mission, and the Sea-viewing Wide Field of view Sensor (SeaWiFS) on board OrbView-2 satellite (renamed from SeaStar in 1997).
To determine Chl-a blooms after passages of typhoons (or storms), the areas showing maximum increases of Chl-a concentration along the typhoon (or storm) tracks are identified in satellite images. (Figure 1a) . The maximum Chl-a concentration (Chl-a max ) is determined (in the black box in Figure 1a) , and the pixels showing Chl-a concentration in the range of (0.5~1.0)Chl-a max are selected (Figure 1b ; 2 October 2009), and the average Chl-a concentration is calculated for this region. The Chl-a concentration in the range of (0.5~1.0)Chl-a max represents the value of a significant Chl-a bloom. Therefore, the Chl-a average for this region is defined as the daily elevated Chl-a value as induced by the typhoon forcing. Data gaps can be an issue limiting daily Chl-a images due to cloud cover. To overcome this deficiency in the daily images (for each typhoon case), we derive a time series of daily Chl-a concentrations for the timespan of existence of the high Chl-a level (October 1-2 for Ketsana in 2009) after the typhoon passage (Figure 1c) , and the average is calculated as the elevated Chl-a concentration. The background Chl-a before the typhoon passage is obtained from the average of the Chl-a concentration before the typhoon event in the area shown in the black box for the 3 days (20-22 September 2009, Figure 1c) . The Chl-a concentration increase (∆Chl) is derived by removing the background Chl-a from the elevated Chl-a values after the typhoon passage. In this manner, the Chl-a concentration increase is calculated for each typhoon (or storm) case in this study (listed in Tables 1 and 2 ). 
Sea Surface Wind
Daily sea surface winds with a spatial resolution of 0.25 • × 0.25 • are assembled from the Quick Scatterometer (QuikScat) data provided by Remote Sensing Systems (http://www.remss. com/). The Quick Scatterometer was launched in June 1999 and had been in operation until November 2009. This instrument is referred to as QuikScat (or QSCAT) to distinguish it from the nearly identical SeaWinds scatterometer on the same satellite platform Midori-2 (known to US scientists as ADEOS-II). The primary mission of these scatterometers was to measure winds near the ocean surface. The QuikScat data provided by the Remote Sensing Systems used a newly developed Ku-2011 GMF with WindSat data as a calibration target, which enhances validity of the wind product under storm conditions [23] . The daily wind data are chosen from satellite-derived winds at the center of the areas with maximum increase of Chl-a concentration (e.g., the black box in Figure 1a ).
Mixed-Layer Depth
The mixed-layer depth is derived from temperature profiles, provided by the European Copernicus Marine Environment Monitoring Service. Copernicus is a European Union program, aiming to develop European information services based on satellite Earth Observation and in situ data [24] .The dataset of Global Observed Ocean Physics Temperature Salinity Heights and Currents Reprocessing combines products from satellite observations (sea level anomalies, geostrophic surface currents, sea surface temperature) and in situ data (temperature and salinity profiles) on a 1/4 degree regular grid for the global oceans over the time period 1993-2014. Calibrations and validations have been performed and results show overall good accuracy [25, 26] . Weekly and monthly products are available from the dataset; in this study weekly temperature profiles before each typhoon at the center of the areas with maximum increase of the Chl-a concentration are used to extract the mixed-layer depth at which the sharp temperature gradient appears. The temperature profiles are downloaded from the Copernicus website [24] .
Typhoon Data
The typhoon data are obtained from the Unisys Weather [27] , which incorporates the best storm tracks from the Joint Typhoon Warning Center in the USA. (Tables 1 and 2 ). All the relevant typhoon tracks in the NWP (a) and the SCS (b) are shown in Figure 2 , which also illustrates the study areas (the cyan boxes) in the NWP and the SCS. The red squares show the locations of the maximum Chl-a increases after the typhoon passes. No other typhoons (or storms) passed over the same regions two to three weeks before each of the selected typhoon, which ensures that the upper ocean was relatively stable and not disturbed by previous storm events. 
Methods
Tropical cyclone-induced upwelling is one of the most important factors influencing the transport of essential nutrients from the sub-surface water to the oligotrophic surface layer in open oceans. Cumulative effects of the upwelling can be quantified by the integral of the Ekman pumping velocity (L EKM ), given by
where t 1 and t 2 represent the beginning and ending time of the typhoon influence period, respectively, and w e is the Ekman pumping velocity, defined as
where ρ w is the seawater density, f is the Coriolis parameter, and τ is the wind stress on the ocean surface
where ρ a (=1.3 kg m −3 ) is the air density, C D = 10 −3 × (0.6 + 0.07U 10 ) is the drag coefficient, and U 10 is the wind speed at 10 m height above the sea surface as derived from the QuikScat wind product. The surface layer mixing may break through the stratification layer and bring the surface nutrients up to the surface layer caused by wind stirring [1, 28] . The wind stirring-caused mixing is proportional to the wind power input, given by [29] .
The temporal integral of the wind power input (indicating the effects of wind stirring) is defined as
The L EKM and P w are calculated for the typhoon cases in the NWP and the SCS listed in Tables 1 and 2 , respectively. Figure 3 shows the Chl-a increase after typhoon passages versus the Ekman pumping parameter. High correlations are found between the Chl-a increase (∆Chl) and the Ekman pumping parameter (L EKM ) using a linear regression for both the NWP and the SCS. In the NWP, the linear regression is given by ∆Chl = 0.0044L EKM + 0.0081 (6) Table 3 lists the regression coefficients and bounds of the regression coefficients at the 95% confidence level. The R 2 value of the linear regression reaches 0.56, and the root mean square (rms) of the Chl-a regression (namely, the rms of the difference between the Chl-a increase and the regression data) is 0.024 mg·m −3 (Table 3) . For the SCS, the regression is derived as
Results
The R 2 value is 0.47, lower than that in the NWP, while the rms of the Chl-a increase regression is 0.27 mg·m −3 (Table 3) . Comparison between the two regressions given by Equations (6) and (7) suggests that the Chl-a increase in the SCS is much (~5.5 times) higher than that in the NWP under the same Ekman pumping intensity.
The Chl-a increase versus the wind power input parameter, E W is shown in Figure 4 for the NWP (a) and the SCS (b). The linear regression for the NWP is derived as follows ∆Chl = 0.0012E W + 0.0183 (8) The R 2 value reaches 0.54, and the rms of the Chl-a increase regression is 0.025 mg·m −3 (Table 3) . For the SCS, the regression is given by
with a R 2 value of 0.59, and an rms of the difference between Chl-a data and the regressions of 0.23 mg·m −3 (Table 3 ). The regressions of the Chl-a increase to the Ekman pumping and wind-forcing parameters indicate that there exists strong a positive correlation between the Chl-a increase and both the wind-related parameters.
An important initial condition affecting the influence of a typhoon is the mixed-layer depth [30] . We explore the relationship between the Chl-a increase and the pre-typhoon mixed-layer depth. Figure 5 shows the Chl-a increase versus the mixed-layer depth for the different typhoon cases in the NWP (a) and the SCS (b). It is found that a negative correlation exists between the Chl-a increase and the MLD. The regression can be derived by the Chl-a and the MLD data listed in Tables 1 and 2 . For the NWP, the regression is given by ∆Chl = −0.0014H MLD + 0.1020 (10) The R 2 value is 0.13 and the rms of the difference between the regression and the observed values is 0.034 mg·m −3 (Table 3) . Although the higher bound of the coefficient of H MLD is positive at the 95% confidence level (Table 3) , the general trend of the relationship between the ∆Chl and the H MLD is a negative correlation. The linear regression for the South China Sea is also obtained with an R 2 value of 0.13 and an rms of 0.34 mg·m −3 (Table 3) Comparing the relationship between the Chl-a increase and the parameters of the Ekman pumping and the wind-induced mixing reveals that the correlation of ∆Chl with the MLD is of lower magnitude and oppositely orientated (negative) with higher rms values. The results demonstrate that although the Chl-a increase is more sensitive to the wind-forcing parameters, Chl-a blooms are also influenced by the pre-typhoon mixed-layer depth.
Based on these analyses, the Chl-a increase is correlated with all parameters: the Ekman pumping intensity, the wind-induced mixing, and the pre-typhoon mixed-layer depth. The impact of the mixed-layer depth can be seen by comparison between the cases of Linfa (2009) and Xangsane (2006) over the SCS ( Table 2 ). The Ekman pumping and the wind power input parameters were 22.4 m and 26.1 J·m −2 for Linfa (2009), higher than those for Xangsane (20.3 m and 20.9 J·m −2 , respectively), but the Chl-a increase for Linfa was lower than that for Xangsane (0.48 vs. 0.68 mg·m −3 ). However, the mixed-layer depth prior to the arrival of Xangsane was 22.9 m less than that for Linfa (34.1 m), and therefore, the shallower pre-typhoon mixed-layer depth could be responsible for the higher Chl-a bloom event. The same situation can be found for other typhoon cases in the NWP (Table 1 ), e.g., Fitow versus Rananim.
In order to develop a quantitative model of Chl-a blooms, it is necessary to consider the effect of the pre-typhoon mixed-layer depth. Thus, a multi-parameter model is suggested as
where a and b are the model coefficients, and m, n, and k are exponents of L EKM , and E W , and H MLD , respectively. This quantification model can account for the positive correlations of ∆Chl with the Ekman pumping and the wind-induced mixing as well as the negative correlation with the mixed-layer depth. Equation (12) therefore represents a power-law model. Based on the typhoon and mixed-layer data in Tables 1 and 2 , the coefficients (a and b) and the exponents (m, n, and k) can be determined using a nonlinear fitting method in the MATLAB to derive the coefficients and the exponents. The results for these values are listed in Table 4 . In the NWP, m, n, and k are 0.26, 0.37, and 0.16, respectively, the R 2 value of the regression is 0.62, and the rms is 0.025 mg·m −3 . In the SCS, the exponents, m, n, and k are 0.63, 0.46, and 1.2 with the R 2 value of 0.80 and the rms value of 0.18 mg·m −3 ( Table 4 ). The p-values of the nonlinear regression model are also derived to reveal the confidence level of the nonlinear fitting. The p-values for the NWP and the SCS fittings are 5.9 × 10 −3 and 4.4 × 10 −5 , respectively, both of which are relatively small, suggesting that the quantification model is significant (with confidence level much higher than 95%) against the null hypothesis. The results in the NWP show that although the multi-parameter model does not yield an improved rms value compared with the regression to L EKM , the R 2 value is higher than that of the regression to L EKM (0.62 versus 0.56). However, the implementation of the multi-parameter quantification model achieves significant improvements for the SCS. The rms is 0.18 mg·m −3 , much lower than those of ∆Chl regressions to the L EKM and E W , (0.27 mg·m −3 and 0.23 mg·m −3 , respectively), and the R 2 value is 0.80, much greater than those of the regressions to L EKM and E W (0.47 and 0.59, respectively). The comparisons between the predicted Chl-a increase from our quantification model and the observations are illustrated in Figure 6 in the NWP (a) and the SCS (b). These regressions are close to a 1:1 relationship, especially in the SCS (Figure 6b ). Compared with Figures 3-5 that show the single-parameter regressions, Figure 6b demonstrates significant improvement in the prediction of Chl-a blooms in the SCS by using the multi-parameter quantification model. For the SCS, the exponent of the mixed-layer depth (1.2) is higher than that for the NWP (0.16), which suggests the change of Chl-a is more sensitive to the mixed-layer depth in the SCS than in the NWP. The multi-parameter quantification model may therefore be more suitable for analysis of typhoon-induced Chl-a blooms in the SCS than in the NWP. 
Discussions
The Chl-a bloom intensity in the SCS is much higher than that in the NWP, which can be revealed by the higher coefficients of p1 (Table 3) for the single-parameter linear regressions and of a (Table 4) for the multi-parameter quantification model in the SCS. Thus, the typhoon-induced Chl-a concentration increases in the SCS are more intensive than those in the NWP. This difference is mainly caused by the different nutrient levels observed in the NWP and the SCS. In the upper ocean, nutrients play an important role in phytoplankton variation [31, 32] . In order to compare nutrient levels for these different regions, a section is selected across the NWP and the SCS (the black line in Figure 7a ). Figure 7b displays the profiles of the nitrate concentration along this section based on the data of the 2009 World Ocean Atlas (WOA) obtained from the website of National Centers for Environmental Information (NCEI) of the U.S. National Oceanic and Atmospheric Administration (NOAA) [33] . In the SCS, although the nitrate concentration is less than 5 µmol·L −1 in the upper 50 m, it increases to 15 µmol·L −1 between 50 and 200 m. In the NWP, however, the nitrate concentration always keeps a level less than 5 µmol·L −1 in the upper 300 m; only in the Luzon strait, the nitrate concentration reaches the value of 5~10 µmol·L −1 . This suggests that the SCS has more abundant nutrients in its subsurface than the NWP, and the surface water can obtain more nutrient supplies from the subsurface once influenced by strong typhoon wind forcing. Light intensity may also affect Chl-a blooms, and the SCS, which is at a low latitude, generally receives more illumination than the NWP, which could be another reason for higher Chl-a increases in the SCS after typhoon passes. Previous studies have shown that meso-scale eddies with spatial scales of~10 2 km can influence phytoplankton variation in the ocean surface and the eddy-induced vertical flux of nutrients may influence the nutrient budget; cyclonic eddies (cold) may boost growth of surface phytoplankton, and anticyclonic eddies (warm) decrease phytoplankton level in the cores but increase it in the peripheries [34] [35] [36] [37] [38] . However, under typhoon conditions, the eddy-induced vertical flux is much weaker than that generated by the strong wind-forcing, and may not significantly affect Chl-a bloom strength. Thus, the pre-typhoon mixed-layer depth changes caused by meso-scale eddies could be an important dynamical factor influencing Chl-a blooms under typhoon conditions. On the other hand, pre-existing meso-scale eddies may be modified by strong wind forcing, and therefore, the vertical flux caused by eddies could be changed as well. The nutrient level varies by location, and the impact of nutrient level changes on the quantification of the Chl-a bloom will be investigated in future studies along with consideration of a detailed eddy-related dynamic process during typhoon forcing by analyzing more storm cases.
Using remote sensing observations, there were many studies showing that under stormy conditions, sea surface Chl-a increases are attributed to the enhanced nutrient supplies caused by the upwelling and vertical mixing [4, [13] [14] [15] 39] . Strong typhoon winds may induce massive entrainment of air bubbles into the water column through the wave breaking; these bubbles have a spectral effect on ocean reflectance, and therefore, the bubble entrainment may affect the estimation accuracy of surface Chl-a concentration from remote sensing observations [40] . In situ measurements from a Bio-Argo float with fluorescence method to detect the Chl-a concentration located at the central Bay of Bengal indicate that there was substantial Chl-a increase (to as high as 4.5 mg·m −3 ) induced by a tropical cyclone, Hudhud, and the Bio-Argo observations on the Chl-a profiles suggest that the nutrient inject is a major reason for the Chl-a increase under the storm condition, leading to the chlorophyll bloom [41] . Nevertheless, the effect of the air bubbles on the Chl-retrieval under the storm condition does need further investigations to improve Chl-a algorithms for satellite ocean-color observations. Tables 1 and 2 show that the Chl-a increases are lower than the detection threshold of the Chl-a from satellite observations (e.g., 0.02 mg·m −3 in Table 1 and 0.08 mg·m −3 in Table 2 ). Since these Chl-a increase values in Tables 1 and 2 are averaged over certain temporal and spatial ranges, the average process may substantially reduce the detection uncertainty for the satellite Chl-a, and also smooth the Chl-a values. The smoothed Chl-a values are lower than Chl-a bloom peaks. The maximum Chl-a increase in Table 2 (for the SCS) is below 1.5 mg·m −3 , whereas the peak of the surface Chl-a bloom could be as high as~3.0 mg·m −3 [41] . Although the Chl-a data used to develop the multi-parameter quantification model are below 1.5 mg·m −3 for the SCS, this data set may represent most of Chl-a bloom cases in the area. It is expected that with different regression coefficients, the multi-parameter quantification model could be applied in other regions.
Conclusions
Tropical cyclones can induce Chl-a blooms by enhancing the vertical transport of the nutrients from the subsurface water. The Chl-a bloom strength may be related to wind-forcing parameters and the oceanic initial conditions. In this study, Ekman pumping and wind-induced mixing parameters (defined as the integral of the upwelling velocity and the wind input power, respectively) and the pre-typhoon mixed layer depth are used to model Chl-a increase as influenced by typhoons in the Northwest Pacific (NWP) and the South China Sea (SCS). The linear regression suggests that in the NWP, the typhoon-induced Chl-a increase is correlated with the Ekman pumping parameter with a regression rms of 0.024 mg·m −3 and an R 2 value of 0.56, while in the SCS, the R 2 value is 0.47 and the rms is 0.27 mg·m −3 .
A multi-parameter quantification model of the Chl-a blooms is develop to consider the joint effects of Ekman pumping, wind-induced mixing, and pre-typhoon mixed-layer depth. The results show that in the SCS, our model achieves satisfactory results, with an R 2 value as high as 0.80, much higher than that seen in the single-parameter regressions, and also achieves the lowest rms (0.18 mg·m −3 ). For the multi-parameter quantification in the NWP, the R 2 value is improved, although the rms is similar to that of the single-parameter regression for the Ekman pumping. The multi-parameter quantification works better in the SCS than in the NWP. This may be due to the fact that in the NWP, nutrient profiles are uniform from surface to a deep depth (300 m), while the SCS has a shallow nutricline, and therefore, sub-surface high level of nutrients can be easily brought into the surface in the SCS as affected by the typhoon forcing.
